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Abstract 
The information of user’s proximity to micro-location in an indoor space allow us to infer the user’s interest and intention. With 
help of this information, it is possible to realize important real world tasks, for instance, context aware service, automation of 
common tasks and so on. Recently, there have been many studies on the indoor proximity detection with BLE(Bluetooth Low 
Energy) and various techniques such as filtering and curve fitting have been suggested for the improvement of accuracy. 
However, those techniques are not adequate for the accurate indoor proximity detection, which limit the usable space and 
increase the error detection rate. In this study, we proposed the accurate indoor proximity zone detection technique based on time 
window, frequency of RSSI(Received Signal Strength Indicator) and user’s walking. 
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the Conference Program Chairs. 
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1. Introduction 
The user’s proximity to person or object in an indoor environment could indicate the user’s interest and intention. 
With help of this information, it is possible to realize various real world tasks, for instance, finding missing person, 
localization of object, context-aware service, hands-free system and so on1,2,5. Since introduction of BLE, there have 
been many studies and applications of the indoor proximity detection using this technology. BLE is not only known 
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for low-cost but also low-energy and flexibility. In addition, it is practical and feasible technology for indoor 
proximity detection because of the proliferation of smart devices supporting this technology. Furthermore, many 
third-parties have started to release their own BLE stand-alone products only for the indoor proximity detection. The 
critical problem of using RSSI is that the accuracy is easily affected by environment. There have been many studies 
on techniques such as filtering and curve fitting to improve accuracy. However, it is still not adequate to be used in 
practice. The inaccuracy of RSSI increases the error detection rate and limits usable space. It is also concerned that 
the error detection could disturb users, sending unwanted information12. In this paper, we proposed techniques for 
the accurate indoor proximity zone detection based on time window, frequency of RSSI and user’s walking. We also 
analyzed the cause of error detection and defined several requirement. To evaluate our proposed technique, we 
divided the proximity zone into three section, left, right and center. The total error rates of each section were reduced 
to 5.5%, 2.8% and 12.6%. 
2. Related work 
The way of existing technique of indoor proximity detection is to set up the reference RSSI value as the 
proximity range and examine if every one single RSSI value measured from smartphone is within the range at a 
time1,2,3,4,5. In addition, filtering is commonly used together. Most of the third-party application utilize filtering and 
curve fitting techniques. Apple defined three proximity range and level of accuracy in iBeacon11. In a study done by 
Tim Andersson, two off-the-shelf beacons were used for automatic door lock. However, it was difficult to unlock 
the door when a person approaches from the inside because of the inaccuracy1. The solution author suggested was to 
use a single beacon or shielded beacon. Christopher et al. employed the beacon to detect a customer in payment 
system5. In this study, the problems were very similar with ours, e.g. the detection of large RSSI values outside the 
proximity range, user passing by around the beacon. The author only suggested simple statistical techniques such as 
mean and median. Shu Liu et al. leveraged BLE for the face to face proximity detection3. They used multiple 
thresholds based on the location of smartphone. In addition, EWMA(Exponential Weighted Moving Average) filter 
and simple window function were utilized. Clemens et al. employed Wi-Fi to detect the proximity of users in art 
museum2. In their experiment, users were confused to use the system because of the inaccuracy of proximity 
detection. The author proposed to use the average and trend of RSSI with time window. 
3. Technical background 
Basically, BLE has 4 operation modes: master, slave, advertising, and scanning9. In most cases, advertising and 
scanning mode are used for the proximity detection8,9. These two modes are only used for the discovery of devices 
prior to connection. Advertising device keeps transmitting radio signals periodically to notify its presence and 
scanning device continuously captures these signals. In the proximity detection system, Advertising device acts as 
Beacon. When the scanning device received the radio signals from the advertising device, it measures 
RSSI(Received Signal Strength Indicator). The RSSI is measured in the logarithmic unit dBm(decibel-milliwatt)10. 
When the scanning device approaches to advertising device, this value increases. It can be calculated approximately 
by means of radio propagation models. The basic model is free space path loss. The path loss is a measure of how 
much the radio signal has decreased in power between the antennas. In this model, the path loss is related to the 
distance between transmitter and receiver and the signal wavelength10.  
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4. Analysis of BLE proximity estimation 
We implemented series of experiments so as to analyze the cause of error proximity detection using existing 
technique and examine variation of RSSI values according to distance. In these experiments, we used off-the-shelf 
Beacons and the mobile application that third-parties provide. The experiment environment is shown in Fig. 1(a). 
Four long desks were placed to both sides of the wall. To measure the dispersion of RSSI values, color labels were 
attached to the ground from 1.0 to 6.0-meters in a straight line at intervals of 0.5-meters. The proximity zone was set 
up with one single Beacon and a tripod on the desk in the middle. See the Fig. 1(b). Since the Beacon has the 
omnidirectional antenna, color labels were put on the ground in a half circle shape and the gap of each line was 
0.25-meters. 
Fig. 1. (a) Experiment environment; (b) Proximity zone 
In the first experiment, we held the smartphone in one hand, standing on each color label and taking the general 
posture for looking the screen. In this way, the RSSI values were collected on every color label for 60 seconds from 
0 to 0.5-meters at intervals of 0.25-meters. In consideration of the logarithmic attenuation, we measured RSSI values 
from 1.0 to 6.0-meters at intervals of 0.5-meters. The result is described in Fig. 2. The RSSI values measured from 
0.25 to 0.5-meters were distinguishable in a high probability, as a few of them were overlapped. See where the red 
and green boxes overlap in Fig. 2. However, above 0.5-meters, it was hardly recognizable because of the significant 
fluctuation and overlap. See the green box in Fig. 2. 
Fig. 2. Variation of RSSI values measured according to distance in meter 
For the second experiment, we tested the existing proximity detection technique in the same experiment set-up. 
Based on the result of the first experiment, the range of proximity zone was set to 0.5-meters radius and the 
corresponding optimal reference RSSI value was -49 dBm. We repeated walking around and going inside and 
outside the proximity zone for approximately 5 days. In the whole experiments, we found out some causes of error 
proximity detection and summarized them as follows. 
 
x The Detection of large RSSI values outside the range of proximity zone 
While walking outside the proximity zone, we found several spots where the error detection occur. We called this 
“error spot”. Most of them were found nearby the proximity zone. See the red circles in Fig. 1(b). The RSSI values 
detected on the error spots are shown in the red box from Fig. 3. There were many RSSI values above -49 dBm, 
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which were mostly detected within the range of proximity zone. The error spots were the cause of increasing false 
positive rate. A radio wave is easily affected by various factors such as diffraction and reflection. Thus, this 
phenomenon is possible to occur. 
 
x Proximity detection using one single reference RSSI values at a time 
 While we were standing on an error spot, false positive and false negative detection occurred alternately. To 
figure out what the problem is, we analyzed the RSSI values measured during the one single scan. See the green box 
in Fig. 3. In consideration of the way of existing technique, false positive detection occurred once out of six times, 
since there was only one RSSI value above -49 dBm. In this sense, the way of existing technique increase the 
probabilities of error detection. 
Fig. 3. RSSI values collected on an error spot 
x Space limitation 
Since the proximity zone occupies some space and detects the proximity of user for the certain event, Users who 
do not want the proximity detection had to avoid it during the experiment. In practice, it will be critical problem, 
because indoor places such as clothing store might have many proximity zones. 
4.1. Requirements of accurate proximity zone detection 
x Setting up the stable range of proximity zone 
 To set up the reference RSSI value and its corresponding distance for the range of proximity zone, it is required 
to figure out the stable RSSI values which can be used to distinguish inside and outside the proximity zone. In early 
experiments, the RSSI values above -49 dBm were the most stable. In contrast, the RSSI values ranging from -50 to 
-60 dBm were very unstable and it was difficult to use. The RSSI values above -49 dBm were mostly measured 
within less than 0.5-meters in our case. In this sense, it was possible to recognize the inside and outside the 
proximity zone based on the RSSI values. In order to find out the stable RSSI values, we used confusion matrix 
which is utilized to measure the total error rate. 
 
x Distinguishing the users getting into or passing by the proximity zone 
 The false positive detection occurred even outside the proximity zone in earlier experiment. Since the probability 
of error detection was relatively high around the proximity zone, distinguishing between users going into and 
passing the proximity zone is required to decrease the false positive rate. Moreover, this requirement improves space 
efficiency, because users don’t have to avoid the proximity zone.  
 
x Response time 
The response time of proximity detection is important factor, because the usability is determined by the response 
time. Given that humans walk at 1.4 m/s on average7, from 1 to 3 seconds is suitable for the response time. In 
practice, the response time could vary depending on application. 
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5. Our proposed technique to reduce the error detection rate 
5.1. Step detector 
To recognize whether the user is going into or passing the proximity zone, we can examine if the user keeps or 
stops walking within the proximity zone. Based on this information, it is possible to determine when to examine or 
ignore all the measured RSSI values. For example, while the user is walking inside the proximity zone, all measured 
RSSI values are ignored. In this way, it is possible for users to pass the proximity zone without detection. In order to 
detect the user’s walking, accelerometer built-in sensor can be leveraged. Accelerometer sensor detects which 
direction the smartphone is moving and how dramatically the speed of movement increases and decreases. Using 
accelerometer, we realized step-detector to figure out whether the user is walking. The result of the experiment is 
described in section. 7.  
5.2. Noise filter 
The RSSI values can easily be affected by surroundings. Thus, the raw RSSI values contain noise. To remove 
noise in the raw RSSI values, filters can be utilized. There are many filters for simple system model: MAV(Moving 
Average), EWMA(Exponential Weighted Moving Average), BF(Batch filter), etc. In terms of time delay, EWMA 
and MAV have better performance than BF. In our case, EWMA was used because of the configurable weight. ത୩ is 
the filtered value at time k and w is a constant value for the weight such that 0 < w < 1. In order to find out the most 
optimal weight, we used confusion matrix which is utilized to evaluate the error rate. In our case, 0.9 were the most 
proper weight value. In case of MAV and BF, the window size was set to 5, which give us the best performance. We 
tested EWMA filter with the same RSSI values from Fig. 3. As shown in Fig. 4, the number of green data points 
were remarkably removed on the whole. However, there still remains a few error data points. See purple data points 
in the red box from Fig. 4. This result indicates that it is difficult to reduce all the error data using only filter. The 
comparison of performance for each filter is summarized in section 7. 
 
ത୩ ൌ  ή ത୩ିଵ ൅ ሺͳ െ ሻ ή ୩                  (2) 
Fig. 4. RSSI values filtered by EWMA 
5.3. The states of user based on time window and frequency of RSSI 
In order to scrutinize how the RSSI values change, we collected them at both 0.35 and 0.55-meters using EWMA 
filter. The red box in Fig. 5 indicates that the same RSSI values could be measured on different spots and it is 
difficult to distinguish between those spots using existing techniques. On the other hand, we found that the 
frequency of some RSSI values are significantly different each other. In other words, it is possible to recognize the 
different spots leveraging frequency of these RSSI values. In our case, RSSI values below -49 dBm were much less 
frequently detected in 0.33-meters than 0.55-meters and vice versa. Furthermore, the probability of detecting 
frequently such RSSI values within the certain limited time was relatively low. Using this feature, we approached to 
this problem with the frequency of RSSI values and the time window. In particular, this approach is the effective 
solution for the error spots. Based on frequency and time window parameters, we defined two user states as “Zone-
In” and “Zone-Out”. See the Fig. 6. 
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 Fig. 5. Frequency of RSSI values filtered by EWMA 
6. Zone-in and zone-out algorithm details 
In this section, we briefly describe our proposed proximity detection algorithms. 
Fig. 6. Zone-In and Zone-Out State Machine 
x Notation of algorithm 
ܰ ௧ܵǣܰݑܾ݉݁ݎ݋݂ݏݐ݁݌ݏ 
ܰܵݐ݄ݎ݁ݏ݄݋݈݀ǣ ݄ܶݎ݁ݏ݄݋݈݀݂݋ݎܰܵ 
ܨܴ௧ǣܨ݈݅ݐ݁ݎ݁݀ܴܵܵܫݒ݈ܽݑ݁ 
ܯܴ௧ǣܯ݁ܽݏݑݎ݁݀ܴܵܵܫݒ݈ܽݑ݁ 
ܹǣܹ݄݁݅݃ݐݒ݈ܽݑ݁݋݂ܧܹܯܸ݂݈݅ݐ݁ݎ  
ܴܴǣܴ݂݁݁ݎ݁݊ܿ݁ܴܵܵܫݒ݈ܽݑ݁݋݂ݖ݋݊݁ݎܽ݊݃݁ 
ܤܴ ௜ܶǣ ܤݑ݂݂݁ݎ݂݋ݎݐ݄݁ݎ݁ܿ݁݅ݒ݁݀ݐ݅݉݁݋݂݄݁ܽܿܴܵܵܫݒ݈ܽݑ݁ݓ݅ݐ݄݅݊݌ݎ݋ݔ݅݉݅ݐݕݖ݋݊݁ݎܽ݊݃݁ 
ܹܶܫǣ ܶ݅݉݁ݓ݅݊݀݋ݓ݅݊ݐ݁ݎݒ݈ܽ݋݂ݖ݋݊݁ െ ݅݊ 
ܨܴܳ௧ǣ ܨݎ݁ݍݑ݁݊ܿݕ݋݂݉݁ܽݏݑݎ݁݀ܴܵܵܫݒ݈ܽݑ݁ݏݓ݅ݐ݄݅݊݌ݎ݋ݔ݅݉݅ݐݕݖ݋݊݁ݎܽ݊݃݁ 
ܨܴܳݐ݄ݎ݁ݏ݄݋݈݀ǣ ݄ܶݎ݁ݏ݄݋݈݀݂݋ݎܨܴܳ 
ܵ ௧ܷ ׷ ܵݐܽݐ݁݋݂ݑݏ݁ݎ݅݊݀݅ܿܽݐ݅݊݃ݓ݄݁ݐ݄݁ݎݖ݋݊݁ െ ݅݊݋ݎݖ݋݊݁ െ ݋ݑݐ 
ܹܱܶ ׷ ܶ݅݉݁ݓ݅݊݀݋ݓ݅݊ݐ݁ݎݒ݈ܽ݋݂ݖ݋݊݁ െ ݋ݑݐ 
 
x Zone-In and zone-out algorithms 
#NIQTKVJO2TQZKOKV[<QPG+P&GVGEVKQP #NIQTKVJO2TQZKOKV[<QPG1WV&GVGEVKQP
1:࢏ࢌܰܵ௧ ൒ ܰܵݐ݄ݎ݁ݏ݄݋݈݀࢚ࢎࢋ࢔ 
2:࢘ࢋ࢚࢛࢘࢔
3:ࡲࡾ࢚ ՚ ࢃ ή ࡹࡾ࢚ ൅ ሺ૚ െࢃሻ ή ࡹࡾ࢚ି૚
4:࢏ࢌܨܴ௧ ൒ ܴܴ࢚ࢎࢋ࢔
5: ܤܴ ௜ܶ ՚ ܥݑݎݎ݁݊ݐܶ݅݉݁ሺሻ 
6:  ࢏ࢌܵ ௧ܷ ൌ ܼ݋ܱ݊݁ݑݐ࢚ࢎࢋ࢔ 
7:ࢌ࢕࢘݅ ൌ Ͳ࢚࢕ݏ݅ݖ݁݋݂ܴܶࢊ࢕ 
8:࢏ࢌܥݑݎݎ݁݊ݐܶ݅݉݁ሺሻ െ ܤܴ ௜ܶ ൏ ܹܶܫ࢚ࢎࢋ࢔ 
9: ܨܴܳ௧ ՚  ܨܴܳ௧ ൅ ͳ 
10: ࢏ࢌܨܴܳ௧ ൒ ܨܴܳݐ݄ݎ݁ݏ݄݋݈݀࢚ࢎࢋ࢔ 
11:ܵ ௧ܷ ՚ ܼ݋݊݁ܫ݊ 
1:ࡵࢌ ሺܵ ௧ܷ ൌ ܼ݋݊݁ܫ݊ሻ࢚ࢎࢋ࢔ 
2:ࡵࢌ ሺܥݑݎݎ݁݊ݐܶ݅݉݁ሺሻ െ ܤܴܶǤ ݃݁ݐܮܽݏݐܸ݈ܽݑ݁ሺሻ ൑ ܹܱܶሻ࢚ࢎࢋ࢔
3:ܨܴܳ௧ ՚ Ͳ 
4:ܵ ௧ܷ ՚ ܼ݋ܱ݊݁ݑݐ
5:ܤܴܶǤ ݎ݁݉݋ݒ݁ܣ݈݈ሺሻ
 
 
0
10
20
30
40
50
60
70
-75 -74 -73 -72 -71 -70 -69 -68 -67 -66 -65 -64 -63 -62 -61 -60 -59 -58 -57 -56 -55 -54 -53 -52 -51 -50 -49 -48 -47 -46 -45 -44 -43 -42 -41 -40
Fr
eq
ue
nc
y 
of
 R
SS
I
RSSI(dBm) 0.35m 0.55m
94   Dae-Yeob Kim et al. /  Procedia Computer Science  56 ( 2015 )  88 – 95 
When the number of step reaches NSthreshold while the user is walking, all the rest of Zone-In are skipped. If the 
user stops walking, the received time of filtered RSSI values only within the range of proximity zone are stored in a 
buffer. If the received time is within TWI, the frequency of RSSI value increases. When the frequency reaches 
FRQthreshold, the state of user changes from Zone-Out to Zone-In. In the Zone-Out algorithm, only last received 
time of RSSI value is checked to determine the state of user. While the state of user is Zone-In, the difference 
between current time and last received time is examined to figure out whether user is out of proximity zone range. If 
this difference exceeds TWO, the state of uses is determined to be Zone-Out. If the state of user change to Zone-Out, 
all stored frequency of RSSI values and received times are reset. Depending on the application in practice, it is 
possible to adjust frequency, interval for time window and weight of filter. 
7. Experiments and evaluation 
Based on the requirements we defined in section 4, our proposed technique were evaluated comparing to existing 
technique with various filters. The whole experiments were carried out in a conference room and the experiment set-
up was the same with earlier experiments.  
Table 1. Total Error Rate. 
Total Error Rate (%) Left Center Right 
Exponential Weighted Moving Average 6.2% 22.4% 34.2% 
Batch Filter 6.1% 24.1% 37.5% 
Moving Average 5.1% 23.6% 35.8% 
Time window and Frequency (our proposed 
Algorithm) 
5.5% 2.8% 12.6% 
Fig. 7. Collected RSSI values with step-detector 
x Accuracy and time delay 
Considering various user’s walking direction, we divided the section of the proximity zone into left, right and 
center. See the green dash-line in Fig. 1(b). Approximately 350 of RSSI values were measured on each section of 
inside and outside the proximity zone. We measured the performance of exiting technique with filter to compare 
with our proposed technique. The total error rate is summarized in Table 1. In case of the left section, both existing 
technique and our propose technique unexpectedly showed similar performance on the whole. As the radio waves 
propagate through the environment, it is affected by various factors, for instance, scattering, fading and so on. For 
this reason, the range of proximity zone was driven to the left section in our case. See the white dash-line in Fig. 
1(b). Thus, the boundary of the left section was unclear. In consideration of those factors, the radio wave is not 
exactly dispersed in circle shape even if the antenna is omnidirectional.  Furthermore, the right section was also 
affected by the left section and the total error rate was relatively high. Compared to existing technique, our proposed 
technique reduced more total error rate and showed better performance on the whole. 
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x Step-detector 
To evaluate whether user can go through the proximity zone without detection, we repeatedly walked past the 
proximity zone from the left to the right side and vice versa, holding the mobile in one hand for 1 minute. The 4 red 
boxes in the Fig. 7 indicate a few of the RSSI values were detected because of the step-detector. To test the optimal 
performance, we tried to hold the mobile in hand near the beacon at the moment we were close to beacon during the 
walk. On average, 1.75 of the RSSI values above -49 dBm were measured while the step-detector detects the user’s 
walk for about 6 seconds each. To conclude, it was possible for user to go through the proximity zone without 
detection in a high probability. 
8. Conclusion  
In this study, we analyzed the behavior of RSSI and problems that affect the accuracy of proximity detection 
system in experiments. On the top of that, we suggested our own accurate proximity zone detection technique and 
algorithms within 0.5-meters radius range. We figured out that the way of existing techniques significantly reduce 
accuracy, because it refers to only one single RSSI value to determine user’s proximity at a time. Furthermore, we 
found several spots where the error detection rate increased even if the filter is utilized. In order to increase usable 
space and accuracy at the same time, we utilized accelerometer sensor to detect user’s walking. Based on the 
problems we found, the system requirements of the accurate proximity zone detection were defined in consideration 
of the real world application. Finally, in contrast to the existing technique, we proposed algorithms based on time 
window, frequency and two user’s states: Zone-In, Zone-Out. The total error rates of each section were reduced to 
5.5%, 2.8% and 12.6. 
9. Discussion and future work 
Compared to the existing techniques, our proposed technique showed better performance. On the other hand, 
there are also limitations. One important limitation is the battery usage issue. Our proposed technique requires high 
scanning rate. The potential solution for this problem is to observe the trend of RSSI values. Based on the trend, it is 
possible to increase the scanning rate only when the user is approaching to proximity zone. In addition, we can 
leverage GPS and Wi-Fi to determine when to turn on or off BLE. Another solution is to use our step-detector for 
control of scanning. Another limitation is that the location of smartphone is not considered. For instance, users can 
carry their device in pocket, bags and so on. Several studies have already suggested leveraging the built-in sensors 
like light-sensor for this problem1,3. However, it additionally utilized sensor values and the main technique was the 
same with the existing technique. Our goal was to improve the way of proximity detection technique. In this sense, 
our proposed technique can also be employed with the sensor. 
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